The sex ratio at birth (SRB) in India has been reported imbalanced since the 1970s. Previous studies have shown a great variation in the SRB across geographic locations in India till 2016. As one of the most populous countries and in view of its great regional heterogeneity, it is crucial to produce probabilistic projections for the SRB in India at state level for the purpose of population projection and policy planning. In this paper, we implement a Bayesian hierarchical time series model to project SRB in India by state. We generate SRB probabilistic projections from 2017 to 2030 for 29 States and Union Territories (UTs) in India, and present results in 21 States/UTs with data from the Sample Registration System. Our analysis takes into account two state-specific factors that contribute to sex-selective abortion and resulting sex imbalances at birth: intensity of son preference and fertility squeeze. We project that the largest contribution to female births deficits is in Uttar Pradesh, with cumulative number of missing female births projected to be 2.0 (95% credible interval [1.9; 2.2]) million from 2017 to 2030. The total female birth deficits during 2017-2030 for the whole India is projected to be 6.8 [6.6; 7.0] million.
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Introduction
The sex ratio at birth (SRB; defined as the ratio of male to female births) in India has been reported imbalanced since the 1970s [2, 4, 7, 9, 10, 11, 15] . The masculinized SRB for India is a direct result of the practice of sex-selective abortions on the national level. Yet, compared to other countries affected by sex imbalances at birth, India is unique in its diversity of regional SRB trajectories. Some states such as Punjab experienced an early and rapid rise in birth masculinity right from the 1980s while the sex ratio at birth started to increase later in North Indian states. During the same period, many regions, notably in South and East India, remained almost untouched by the emergence of prenatal sex selection in the rest of the country. Previous studies have shown great variations in levels and trends in the SRB across geographic locations in India up till the mid-2010s [6, 14, 15, 23, 24] . The importance of India, soon to become the world's most populated country around mid-2020s according to the UN [29] , in the global SRB scenario and the diversity of its regional trajectories require therefore a detailed, disaggregated approach for understanding the future development of sex imbalances at birth. It would be in particular crucial to be able to produce SRB projections for India at the state level for the purpose of population projection and policy planning. The absence of clear-cut trends in sex imbalances at birth warrants the use of a probabilistic methodology to project the sex ratio at birth in India at state level in the future.
It is, however, challenging to construct probabilistic SRB projections by Indian State and Union Territory. India-which is divided in 36 States and Union Territories (UTs) as per the 2017-presents somewhat unusual characteristics. First of all, the imbalanced SRB emerged in India in the mid-1970s while it was only after 1980 or in subsequent decades that sex imbalances at birth became visible in other countries [5] . In addition, the SRB imbalance in India emerged while its national total fertility rate was still close to 5 children per woman. In other countries, the rise in the SRB occurred at significantly lower fertility levels closer or below 3 children per woman. This implies that, ceteris paribus, the impact of son preference in India on prenatal sex selection must be stronger than in other countries affected by sex imbalances at birth. Hence, the mechanisms and rationale of the sex ratio transition experienced in other countries may not be entirely similar and therefore not directly applicable to India's situation. Secondly, the state-level birth data during and before the 1980s are scarce in India for lack of reliable birth registration systems. Even in the most recent decades, sources on sex imbalances at births are mostly limited to the Sample Registration System (an annual demographic panel household survey) and to the different rounds of the Demographic Health Surveys (called the National Family Health Survey in India). But these sources provide birth data at state level with much larger sampling errors than those on national level. The lack of detailed and informative birth data makes it difficult to study the pattern of the sex ratio transition experienced by Indian State/UT and prevents projections of state-level SRB trends solely based on state-level birth data.
Given the importance of projecting SRB at regional level to monitor sex imbalances at birth in India, there have been various discussions on this issue from previous studies [4, 11, 16] . So far, the existing projections are only based on expert opinion and assumptions, or apply to the country as a whole. To our best knowledge, our study is, therefore, the first to offer probabilistic projections of the SRB for Indian States/UTs based on a reproducible modeling approach. We develop a Bayesian hierarchical model to construct state-specific SRB projections during 2017-2030. With the hierarchical model, we are able to draw information from the estimation period 1990-2016 and share them between data-rich state-years and those with limited or no data. In addition, the hierarchical model structure allows capturing state-level differences in levels and trends when data indicate so. Our projection model also takes into account two out of the three main factors that contribute to sex-selective abortion and imbalanced SRB [9, 10] : (i) the intensity of son preference, approximated here by the desired sex ratio at birth (DSRB); and (ii) the "fertility squeeze" effect [10] , approximated by the total fertility rate (TFR). We do not include the information on the third precondition for skewed SRBs, i.e. accessibility to technology, since there is no such annual estimates nor projection available by Indian State/UT during 1990-2030.
The rest of the paper is organized as follows: in Section 2, we describe the data that we use, present the Bayesian hierarchical model to project state-level SRB, and explain model validation. In Section 3, we present the state-specific modeled effect on SRB from son preference and fertility decline, the statelevel SRB and corresponding number of missing female births projections during 2017-2030. Finally, we discuss in Section 4 the contribution of the study, limitations due to model assumptions and data quality and availability, and possible future work.
Method
In this paper, we model and project the SRB in the largest 29 Indian States/UTs for which we have adequate data at our disposal. 1 We present state-level results for 21 States/UTs that are included in the India Sample Registration System (SRS), covering 98.4% of the total population in India as of the year 2011. Table 5 lists the 29 Indian States/UTs we include in our study and the 21 States/UTs that we present the state-level results.
In this section, we will explain the input data (Section 2.1), model details for SRB projection (Section 2.2), calculation of missing female births (Section 2.3), identification of Indian States/UTs with future imbalanced SRB (Section 2.4), and lastly, the validation approach to test the model performance (Section 2.5). The model overview is given in Appendix D.
Data
The SRB estimates by Indian State/UT from 1990 to 2016 is taken from [6] . The state-level covariates are either directly taken from external sources or are modelled specifically in this study. The covariate for approximating son preference intensity, desired sex ratio at birth (DSRB), is estimated and projected for the period 1990-2035 using the Demographic and Health Surveys (DHS) data based on Bayesian hierarchical models (explained in Section 2.2). The resulting DSRB estimates and projections used for the SRB model are presented in Figure 6 . The total fertility rate (TFR) data by Indian State/UT during 1990-2030 are from the India Sample Registration System (SRS) and [17] (refer to Appendix A.1 for details, illustrated in Figure 7 ). The projection of the number of births during 2017-2030 by Indian state is from [17] , which is used for computing the projected number of missing female births ( Figure 8 ).
Bayesian Hierarchical Model for State-level Sex Ratio at Birth
The state-level SRB in India is modelled as the product of two components: 1) baseline level of SRB; and 2) state-year-specific multiplier. The baseline (or reference) SRB is assumed to be constant over time and same for all States/UTs at the national level of India SRB baseline taken from [5] . The state-year-specific multiplier is modeled on the log-scale with an auto-regressive time series model of order 1, conditioning on a state-year-specific mean. For each state-year, the conditional mean of the time series model is expressed as a multivariate regression model with two covariates: (i) the desired sex ratio at birth (DSRB) on the log scale; and (ii) the total fertility rate (TFR) on the log scale.
Let R c,t be the true SRB for Indian state c in year t. We model R c,t on the log-scale and let S c,t = log(R c,t ). For the i-th SRB estimate on the log-scale s i for Indian state c[i] in year t[i], we model it follows a normal distribution on the log-scale:
The mean of the distribution S c,t for Indian states c = 1, · · · , C and year t = 1, · · · , T (where t = 1 refers to year 1990 and t = T refers to year 2030) is modeled as:
where N = 1.053 is the baseline level of SRB for the whole India taken from [5] .
The state-year-specific multiplier P c,t accounts for the discrepancy of S c,t from the log of national SRB baseline log(N ). It is assumed to follow a time series model with AR(1) structure, conditioning on countryyear-specific mean V c,t . For c = 1, · · · , C:
V c,t is modeled as a multivariate regression with two covariates: (i) D c,t+5 : log of desired sex ratio at birth (DSRB), where the 5-year time lag in the regression model is to reflect the assumption that the DSRB generated from DHS of women under age 35 should represent the desire at the time before the first births [3] ; (ii) f c (F c,t ): state-specific non-linear function for the log of total fertility rate (TFR) F c,t .
The state-specific coefficient parameters α c for the covariate DSRB are modeled with hierarchical normal distributions in order to not only capture the differences across states, but also to exchange information between data-rich and data-poor states:
The state-specific function f c (·) is a second-order random walk (RW2) model as a continuous time process [30] on the log-scaled TFR F c,t . The function is flexible to incorporate the non-linear fertility transition given the reverse of fertility at very low level [1] . The state-specific function f c (F c,t ) is specified as:
The state-specific auto-regressive parameter ρ c and τ c and the precision parameters τ α and τ c for the state-specific DSRB coefficient and RW2-transformed TFR are assigned with Penalized Complexity (PC) priors as explained in [26] . The densities of the PC priors are specified in Appendix D.
Bayesian Hierarchical Model for State-level Desired Sex Ratio at Birth We develop models to estimate and project DSRB which is used as model input for the SRB projection model as described previously. The state-specific DSRB exp {D c,t } for an Indian state c, for year t is modeled as the sum of reference level of DSRB and the distortion of DSRB away from the reference:
exp {D c,t } is modeled a sum of two elements: (i) 1, indicating no preference between daughters and sons. We choose 1 instead of the baseline SRB value as the value which the DSRB will eventually converge to, since DSRB reflects the desire of women's preference of their offspring composition, not the actual realization of the live births); and (ii) ∆ c,t , representing the level of son preference for state c in year t.
The state-year-specific distortion of DSRB ∆ c,t is modeled as a scaled logistic function with independent variable log(t) log of time index, state-specific coefficient φ c (for rate of decline) and intercept parameters ζ c (for the average level), and the scale parameter δ c which models the maximum DSRB on state level. We use the scaled logistic function to model the general decline of son preference over time and to reflect the rate of decline is slower when the son preference intensity is weaker. Hence, the model for ∆ c,t is:
Normal hierarchical distributions are used for δ c , φ c and ζ c for c = 1, · · · , C:
The data quality model for DSRB takes into account the sampling error (reflecting survey sampling desize) and non-sampling error (indicating non-measurable errors like non-response, data input error, etc.). Vague priors are assigned to hierarchical mean and standard error parameters of the hierarchical distributions, and the non-sampling error parameters. The data quality model and priors are specified in Appendix B.
Estimates of Sex-specific Live Births, Missing Female Births
To quantify the effect of SRB imbalance due to sex-selective abortion, we calculate the annual number of missing female births (AMFB) and the cumulative number of missing female births (CMFB) over time. The AMFB is defined as the difference between the number of female live births based on the SRB without the inflation factor and the number of female live births based on the SRB with the inflation factor. The CMFB for a certain period is the sum of the AMFB over the period.
The estimated and expected female live births for an India state c year t, denoted as B F c,t and B F E c,t respectively, are obtained as follows [12] :
where N is the SRB baseline for the whole India. The annual number of missing female births (AMFB) for an India state c in year t was defined as below:
The cumulative number of missing female births (CMFB) for period t 1 to t 2 in an India state c was defined as the sum of AMFBs from the year t 1 up to the year t 2 :
Identifying Indian States/UTs with Imbalanced SRB
An Indian state or union territory is identified to have SRB imbalance if its AMFB in at least one year since 2017 is above zero for more than 95% of the posteriors samples:
where B F * c,t (g) is the g-th posterior sample of the AMFB for Indian state or union territory c in year t.
Model Validation
For the 29 Indian States/UTs, we leave out data points, both state-level SRB median estimates and covariates DSRB and TFR, after the year 2012. The left-out year is based on the availability of the state-level TFR data, i.e. 20% of the TFR are left out after 2012. After leaving out data, we fit the model to the training data set, and obtain median estimates and credible intervals that would have been constructed based on available data set in the left out year selected. We calculate median errors and median absolute errors for the left-out observations. In this study, the left-out data are the state-level SRB median estimates after the year 2012. Error for the j-th left-out data is defined as:
where r j refers to the posterior median of the predictive distribution based on the training data set for the j-th left-out observation r j . The coverage of 95% prediction interval is given by:
where J refers to the number of left-out observations. I(·) = 1 if the condition in the brackets is true and I(·) = 0 if the condition in the brackets is false. l 2.5%j and u 97.5%j correspond to the 2.5-th and 97.5-th percentiles of the posterior predictive distribution for the j-th left-out observation r j . Similarly, the coverage of 80% prediction interval is given by:
where l 10%j and u 90%j correspond to the 10-th and 90-th percentiles of the posterior predictive distribution for the j-th left-out observation r j . The validation measures are calculated for 1000 sets of left-out observations, where each set consists one randomly selected left-out observation from each country. The reported validation results are based on the mean of the outcomes from the 1000 sets of left-out observations. For the point estimates based on full data set and training data set, errors for the true level of SRB are defined as:
where R c,t is the posterior median for country c in year t based on the full data set, and R c,t is the posterior median for the same country-year based on the training data set. Coverage is computed in a similar manner as for the left-out observations, based on the lower and upper bounds of the 95% and 80% credible intervals of R c,t from the training data set. Figure 1 summarizes the effect of son preference intensity, using the desired sex ratio at birth (DSRB) as a proxy. Among the 21 Indian States/UTs with SRS data, 17 of them record a positive effect of son preference on the SRB. That is, the exponential of the DSRB coefficient median estimates is bigger than 1 for 17 States/UTs. In other words, given all other covariates, when the son preference intensity (DSRB level) is decreasing over time, the SRB in these States/UTs will decrease. In particular, the effect of son preference is statistically significant in nine States/UTs (in the order of median Figure 2 . The model results show that the TFR effects on SRB differ in levels and trends across Indian States and Union Territories. These trends can be categorized in four groups: (i) monotonic increase as TFR decreases; (ii) monotonic decrease as TFR decreases; (iii) non-linear; (iv) no obvious effect, i.e. horizontal around 1. For the first type of trend monotonic increases, as TFR declines over time (except at very low TFR level where a slight reverse usually occurs), the model suggests that the effect of TFR on SRB changes from negative (below 1) to positive (above 1) in four States/UTs: the former state of Andhra Pradesh (including Telangana), Assam, Maharashtra, and Uttarakhand, where in all these states the TFR effect on SRB is statistically different from 1 for at least one given TFR value. In general, for the four states, at high fertility with TFR above 3 children per woman, as fertility declines, SRB declines given other covariates. When the TFR further declines to 3 and below, the SRB increases by fixing other covariates. As for the second trend type with monotonic decreases, the effect of TFR on SRB changes from positive to negative in four States/UTs: Haryana, Jammu and Kashmir, Orissa, and Punjab. Compared to the first trend type, the decrease trend of the TFR effect is much milder in steepness. Among the four States/UTs, the TFR effect is statistically different from 1 for at least one TFR value in Punjab only. Model suggest non-linear relation between the effect on SRB and TFR in Gujarat and Himachal Pradesh.
Results
Covariate Effect on State-level SRB
Sex Ratio at Birth Projection for Indian States/UTs
The levels and trends in the SRB projections during 2017-2030 vary across Indian States/UTs (Figure 3 During the period 2017-2030, the SRB point estimates in four Indian states are projected to increase: Assam (with the largest increase at 0.008 [-0.015; 0.032] from 2017 to 2030), the former state of Andhra Pradesh (including Telangana), Chhattisgarh and Gujarat. None of the increases in these states are significantly different from zero. Among the 17 states that with decreases in their SRB point estimates during 2017-2030, four of them have median declines greater than -0.01: in Punjab at -0.020 [-0.040; 0.000], in Haryana at -0.015 [-0.039; 0.008], in Jammu and Kashmir at -0.013 [-0.034; 0.009], and in Uttar Pradesh at -0.011 [-0.042; 0.020].
Geographically, we project the SRB to vary greatly across the Indian States/UTs in 2030 ( Figure 4 ). Generally speaking, the highest SRB are concentrated in most of the northwestern States/UTs. The projected SRB becomes lower as the States/UTs are further in the south, except for Chhattisgarh in central India. Chhattisgarh has one of the lowest SRBs during the projection period, but it is surrounded by states with much higher projected SRB. 
State-specific Case Study
The SRB projections in four example Indian states in Figure 5 illustrate the extreme diversity of SRB trajectories in India. The SRB projections during 2017-2030 for all the 21 Indian States/UTs with SRS data are presented in Figure 9 .
The first case is that of Punjab, the region with the highest level of gender bias. The SRB was already above 1.20 in 1990 in Punjab and it peaked at around 1.25 in early 2000s. There is currently a gradual decrease in SRB since then. Our models predict that the decline will continue in the next decade. We project that the SRB in Punjab to decline steadily from 1.156 [1.147; 1.164] in 2017 to 1.136 [1.118; 1.154] in 2030. A similar pattern is also found in the other northwestern states of Delhi and Haryana, where a rapid and real rise in the SRB was observed in the 1980s and 1990s.
Assam is a state in Northeast India, where the SRB remained relatively normal until the late 1990s. The SRB started to steadily climbing up afterwards. Assam's case is almost unique, since it represents the only states-along with Andhra Pradesh, and Chhattisgarh-where our predictions point to a slight increase in SRB during the next ten years. The SRB in Assam is projected to continue to grow from 1.092 [1.084; 1.100] in 2017 to 1.100 [1.078; 1.122] in 2030, even if the progression is not statistically significant.
Kerala has historically low fertility rates even back in the 1990s. Its SRB has already declined below the national SRB baseline since the mid-2000s. We project the SRB in this state to remain around the current level 1.038 [1.031; 1.046] to reach 1.037 [1.020; 1.055] in 2030. This SRB level will remain below the 1.053 SRB benchmark for the whole India. Only further research may examine whether Kerala's biological SRB is indeed lower than India's. It may be observed that the SRB in Sri Lanka-a country Kerala is close to historically and geographically-has long oscillated between 1.03 and 1.05 according to birth registration statistics.
Uttar Pradesh is of primary importance since it is the most populous state in India with a population estimated at 237 million in 2020. The case of Uttar Pradesh follows a similar pattern of rise and fall of the SRB: its SRB was above 1.10 in 1990 and reached the local maximum level of around 1.15 in the early 2000s. It declined slowly since then and it is projected to decrease further from 1.132 [1.123; 1.141] to 1.121 [1.092; 1.151] during 2017-2030. Gujarat and Rajasthan follow similar downward trends. Their experience is, however, of considerable importance to sex imbalances at birth in India since these states contribute to almost half of the births for the whole country. 
Estimates of Missing Female Births for Indian States/UTs
Validation Results
The validation results indicate reasonably good calibrations and predicting power of the model. Table 2 summarizes the results related to the left-out SRB observations for the out-of-sample validation exercise and the one-country simulation. Median errors and median absolute errors are very close to zero for left-out observations. The coverage of 95% and 80% prediction intervals are around the expected values. 
Uttar Pradesh
Sex Ratio at Birth
State−level SRB National SRB baseline Figure 5 : SRB projection for selected Indian states. The red line and shades are the median and 95% credible intervals of the state-specific SRB. The SRB median estimates before 2017 are from [6] . The green horizontal line refers to the SRB baseline for the whole India at 1.053 [5] . 
Discussion
It is crucial to break SRB down the country's estimates and projection to regional level due to India's unique social and demographic diversity. This paper is the first to produce projections of SRB at state level in India with measurement of uncertainty based on reproducible models. In the projection model, we take into account two essential factors leading to sex-selective abortion and consequently skewed SRB. This is achieved by producing desired sex ratio at birth projection based on Bayesian hierarchical models, making use of the existing projections of total fertility rate from other studies. We project that out of the 21 Indian States and Union Territories with SRS data, 16 of them will have imbalanced SRB during 2017-2030.
Among these 16 states, the largest contribution to female births deficits is projected to be in Uttar Pradesh, with cumulative number of missing female births projected to be 2.0 [1.9; 2.2] million from 2017 to 2030. The total female birth deficits during 2017-2030 for the whole India is projected to be 6.8 [6.6; 7 .0] million. Our prediction of SRB's is an important input to the population projection models for India, especially at the sub-national level. Recent projection of Indias population by age, sex, and educational attainment and by state and type of residence until 2100 [17] assumes a monotonic convergence of all SRB to a certain value in the future. Long term population projections are sensitive to the SRB assumption, especially in India. Hence, our probabilistic prediction of SRB can contribute in more precisely simulating the long-term impact and the uncertainty on various population indicators.
The choice of regression predictors in our model depends not only on how well they can approximate the effects of son preference and fertility squeeze, but also on the reliability and availability of their projections. When interpreting the projected SRB, it is worth to keep in mind that the results are based on the model assumptions with the set of predictors selected for the projection model. Although sex ratio for the last birth (SRLB) is a more stable indicator of son preference than DSRB, we use DSRB instead. There is a lack of trend in the SRLB as a result of relatively large sampling errors associated with the SRLB observations. We opt for the DSRB as an indicator for son preference as it has clear time trends. The predictor to approximate technology diffusion is not incorporated in the projection model for lack of adequate measurements. There are state-level variables like the proportion of women resorting to ultrasound during their last birth, the proportion of women delivering in health institutions, or the share of the private health system. However, the data quality of these state-specific data may not be as good as the quality on birth-related information. As a consequence, it is challenging to produce reliable projections by Indian State/UT for indicators that could be used as a proxy for technology diffusion.
Our Bayesian probabilistic projections of SRB and missing female births by Indian State/UT underscore the importance of monitoring the sex ratio at birth over time at the sub-national level, especially in countries like India with ongoing SRB imbalance in a highly heterogeneous demographic context. In this way, with limited healthcare resources, the most vulnerable and discriminated girls can be better identified, monitored, and targeted to prevent future abortion of girls in favor of male offspring. In view of the large contribution of India to the number of missing female births in the world, interventions towards a reduction of son preference and sex-selective behavior by Indian couples remain a key to a gradual normalization for the sex ratio at birth in the world. This calls for the introduction and strengthening policies based both on advocacy for gender equity and support measures to counterbalance existing gender bias that adequately target each regional context. Future work may include adding more sources of heterogeneity for projecting the SRB in India -education, religion, ethnicity, and to extend the SRB predictions for a long-term projection.
Appendix A Data Pre-processing A.1 Sampling Errors for State-level Desired Sex Ratio at Birth Observations
We process the individual-level data and household data from the four India DHS 1992 DHS -1993 DHS , 1998 DHS -1999 DHS , 2005 DHS -2006 and 2015-2016 to compute the observations and corresponding sampling errors of desired sex ratio at birth (DSRB). To simplify, all notations in Appendix A.1 refer to state level in India, for a specific India DHS survey. Hence, we remove the subscription c from all notations in this section.
For a specific DHS survey, we calculate the Jackknife sampling error for log-transformed DSRB at the time when women were interviewed. The reference year t of the DSRB for a DHS survey is taken as the mid point of the survey fieldwork period. Let U denote the total number of clusters or primary sampling units. The u-th partial prediction of DSRB is given by:
where m indexes each women interviewed in a DHS survey during the reproductive age under 35 years old, and M is the total number of such women in a survey. v m is the cluster number of the m-th woman, B m and G m are the desired number of boys and girls 2 respectively for the m-th women, w m is the sampling weight for the m-th woman. I(·) = 1 if the condition inside brackets is true and I(·) = 0 otherwise. The u-th pseudo-value estimate of DSRB on the log-scale is:
The Jackknife variance of log-transformed DSRB is:
A.2 State-level TFR Data
TFR data by Indian State/UT during 1990-2016 are primarily from the India Sample Registration System (SRS). The TFR values in Kerala in 1991 and 1994 are taken from [18] . The TFR projections by Indian State/UT during 2017-2030 are from [17] .
i is the sampling variance for the i-th observation computed using the Jackknife method (see Appendix A.1). ω 2 is the non-sampling variance parameter for DHS survey data (hence estimated in the model), representing the data errors that are not possible to quantify or be eliminated mainly due to non-response, recall errors, and data recording errors.
Appendix C Statistical Computing
Computing of SRB Model We use the R-package INLA [25] for model fitting of the state-level SRB.
Computing of DSRB Model
We obtained posterior samples of all the model parameters and hyper parameters using a Markov chain Monte Carlo (MCMC) algorithm, implemented in the open source softwares R 3.6.1 [22] and JAGS 4.3.0 [19] (Just another Gibbs Sampler), using R-packages R2jags [28] and rjags [20] . Results were obtained from 8 chains with a total number of 1,000 iterations in each chain, while the first 2,000 iterations were discarded as burn-in.After discarding burn-in iterations and proper thinning, the final posterior sample size for each parameter is 8,000. Convergence of the MCMC algorithm and the sufficiency of the number of samples obtained were checked through visual inspection of trace plots and convergence diagnostics of Gelman and Rubin [8] , implemented in the coda R-package [21] . Table 4 summarizes the notations and indexes used in Section 2.
Appendix D Model Summary
Model for State-level Sex Ratio at Birth
, 0.001 2 ), for i = 1, · · · , 566, S c,t = log(N ) + P c,t , for ∀c, ∀t,
Priors for State-level Sex Ratio at Birth Model The state-specific auto-regressive parameter ρ c and τ c and the log-precision parameter log(τ α ) for the state-specific DSRB coefficient are assigned with Penalized Complexity (denoted as PC) priors as explained in [26] . where ν = 0.042 is the standard deviation of all the observations on the log-scale. The difference between S c,t and log(N )
The conditional mean for P c,t . D c,t+5
The log of desired sex ratio at birth (DSRB) for state c in year t + 5. D c,t+5 is used to correspond to V c,t , where the 5-year time lag between D c,t+5 and V c,t is to reflect the assumption that the DSRB generated from DHS of women under age 35 should represent the desire at the time before the first births [3] .
The log of total fertility rate (TFR).
The state-specific non-linear function with RW2 structure for F c,t . ρ c State-specific autoregressive parameter in AR (1) The global mean and standard error parameters for ζ c . µ δ and σ δ
The global mean and standard error parameters for δ c . ω
The non-sampling error parameter for every log-scaled DSRB observation d i . The density for ρ c prior PC cor1 (u, α) is:
The density for the log-precision φ c = log(τ c ) prior PC prec (u, α) is:
The log precision log(τ c ) is scaled such that f c (F c,t ) has a generalized variance equal to 1 [27] . η c is a value where INLA auto-generated. Table 5 summarizes the classification of the 29 Indian States/UTs based on data quality and SRB imbalances.
Model for State-level Desired Sex Ratio at Birth
d i ∼ N (D c[i],t[i] , σ D 2 i + ω 2 ), for i = 1, · · · , 101, exp {D c,t } = 1 + ∆ c,t , for ∀c, ∀t, ∆ c,t = δ c · exp {φ c · log(t) + ζ c } 1 + exp {φ c · log(t) + ζ c } , for ∀c, ∀t, δ c ∼ N (µ δ , σ 2 δ ), for ∀c, φ c ∼ N (µ φ , σ 2 φ ), for ∀c, ζ c ∼ N (µ ζ , σ 2 ζ ), for ∀c, µ δ ∼ U(−0.5, 0.5),
Appendix E Supplementary Tables and Figures
The covariates and other data used for the projection are illustrated in the following plots:
• Figure 6 : Desired sex ratio at birth by Indian states, 1990-2040, used as a covariate in the model;
• Figure 7 : Total fertility rate by Indian states, 1990-2030 [17] , used as a covariate in the model;
• : SRB estimates and projections by Indian states, 1990-2300. The red line and shades are the median and 95% credible intervals of the state-specific SRB. The SRB median estimates before 2017 are from [6] . The green horizontal line refers to the SRB baseline for the whole India at 1.053 [5] . Dots with connection lines are data series used in [6] , which are differentiated by colors. Shades/vertical line segments around the data series are associated sampling errors. The census data in Jammu and Kashmir is not used to model SRB estimates during 1990-2016 due to its data quality [13] .
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